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Introduction: Construction projects often experience delays and cost overruns,
particularly in regions like New Zealand, where natural hazards and climate
change exacerbate these risks. Despite extensive research on forecasting overall
construction timelines, limited attention has been given to stage-wise progress
across the project lifecycle, constraining project managers’ ability to monitor
performance and respond to risks.

Methods: To address this gap, the study develops a stage-based forecasting
model using Multinomial Logistic Regression, which was identified as the most
suitable method after comparison with selected machine learning approaches
within the study’s scope and assumptions. A stepwise comparative framework
was employed to assess combinations of duration, value, type, and contractor
involvement, measuring accuracy, log-loss, and Cohen'’s kappa using 10 years
of New Zealand construction data. Model reliability was further examined
using confusion matrices to derive sensitivity, specificity, predictive values,
and balanced accuracy. Validation was conducted through cross-validation,
ROC/AUC, and temporal hold-out testing.

Results: The results show that while all models performed reasonably well,
the model using only project duration and value achieved the highest
accuracy. The validation procedures confirmed the framework’s robustness
and generalisability. Visualisations further illustrated milestone-specific progress
predictions (5%—-100%), making stage-wise forecasts easy to interpret.
Discussion: The model provides project managers with practical insights for
planning, monitoring, risk management, and resource allocation. By offering
a transparent and interpretable approach, it bridges statistical forecasting with
real-world practice, supporting timely delivery and data-driven infrastructure
development. Future research could incorporate additional factors, extend the
model locally and internationally, and explore integration with digital twins or
real-time adaptive systems.

construction management, performance monitoring, progress prediction, project
planning, stage-based modelling

1 Introduction

Construction projects are inherently dynamic and complex and are subject to numerous
uncertainties that can significantly impact their performance (Adamtey and Kereri, 2023;
Kazar and Kiiglik, 2024). These uncertainties often result in cost and time overruns,

01 frontiersin.org


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org/journals/built-environment#editorial-board
https://doi.org/10.3389/fbuil.2025.1681156
https://crossmark.crossref.org/dialog/?doi=10.3389/fbuil.2025.1681156&domain=pdf&date_stamp=
2025-12-11
mailto:m.tagharobi@massey.ac.nz
mailto:m.tagharobi@massey.ac.nz
https://doi.org/10.3389/fbuil.2025.1681156
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fbuil.2025.1681156/full
https://www.frontiersin.org/articles/10.3389/fbuil.2025.1681156/full
https://www.frontiersin.org/articles/10.3389/fbuil.2025.1681156/full
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org

Tagharobi et al.

influenced by both internal and external factors (Assaad et al.,
2020; Kerzner, 2022). Internal factors, such as poor management,
inadequate leadership, conflicts among project parties, and technical
issues like design changes, further contribute to time and cost
overruns (Egwim et al., 2021; Gamil and Abdul Rahman, 2020;
Ismaila et al., 2022). External factors such as financial constraints,
political instability, and economic fluctuations, along with
unforeseen events like the COVID-19 pandemic, natural disasters,
and climate change, disrupt project delivery by significantly
impacting schedules and budgets (Alsulamy, 2025; Durdyev and
Hosseini, 2020; Ingle et al., 2021; Klingsad and Ayudhya, 2025).

In New Zealand, where the construction sector is highly
exposed to climate-related and environmental risks, performance
disruptions become more frequent and severe, compounding
the impacts of financial, political, and global uncertainties
(Alboga et al., 2025; Boudreaux et al.,, 2023; Ingle and Mahesh,
2024; Tagharobi et al., 2024). These risks underscore the need for
reliable forecasting tools to support planning, time management,
and proactive progress monitoring, thereby mitigating disruptive
effects, delays, and cost overruns (Bertram et al., 2019; Fakunle and
Fashina, 2020).

In response, various control systems and techniques have
been developed to help project managers assess deviations from
planned time and cost benchmarks (Assaad et al., 2020; Klingsad
and Ayudhya, 2025). However, most existing methods tend
to emphasise overall project performance in their forecasting
approaches rather than providing stage-specific predictions that
reflect project characteristics and uncertainties (Lalmi et al., 2025;
Székely et al., 2025). For example, the S-curve technique provides
only a cumulative perspective of progress and lacks milestone-
level granularity. Earned Value Management (EVM), though widely
applied, depends heavily on baseline accuracy and detailed task-level
inputs, making it complex and less reliable in dynamic environments
(Proano-Narvdez et al., 2022). Risk Management (RM) frameworks
rely on subjective judgment and remain static, with limited
integration into stage-wise forecasting (Ingle and Mahesh, 2024).
Machine learning (ML) methods have been explored, but their
“black-box” nature restricts interpretability and practical adoption
(Carvalho et al., 2019). Other techniques, such as bottom-up models
or hybrid frameworks, also face challenges of impractical data
requirements and limited applicability (Anand et al., 2023).

These shortcomings underscore the need for stage-based
forecasting approaches that are both practical and interpretable,
bridging the gap between statistical modelling and real-world
implications while supporting adaptive decision-making tools.
Considering these challenges, this study seeks to address the
following research questions:

o To what extent can project characteristics explain progress and
advancement at each stage of a construction project?

» How can project progress be accurately forecast at different
stages, and how can this support effective monitoring and risk
mitigation in the construction industry?

To address current limitations in construction progress
forecasting and respond to the research questions, this study adopts
a multiphase comparative modelling approach using Multinomial
Logistic Regression (MLR), within the project’s assumptions and
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scope. MLR was selected after comparison with alternative machine
learning methods, as it offers a balance of interpretability and
predictive performance. Building on this, the study examines the
relationship between project progress and key input variables—such
as duration, value, type, and contractor involvement. Several
model configurations are tested through a stepwise framework
to evaluate predictive accuracy, robustness, and generalisability.
Finally, the results are visualised through milestone-specific
forecasts (5%-100%), providing project managers with transparent
and interpretable insights to support planning, monitoring, risk
management, and resource allocation.

The proposed framework extends this contribution by offering
a structured approach to forecasting project progress across
the construction lifecycle, delivering timely insights to optimise
resources and mitigate delays and deviations. Although developed
using New Zealand data, the model is adaptable to countries with
similar contexts and can be transferred to other industries by
incorporating local data, thereby increasing its broader relevance
across the global construction sector. By leveraging core variables
such as project value and duration, available in virtually any context,
it establishes a transparent and replicable tool that supports resilient,
efficient, and sustainable practices.

To guide the reader, this paper is organised into eight
sections. Section 1 introduces the research context and objectives.
Section 2 reviews the relevant literature on construction progress
and forecasting challenges. Section 3 outlines the methodology
employed in the study. Section4 presents the results and key
analytical insights. Section5 discusses the findings in relation
to previous research, and Section 6 highlights the study’s
limitations. Section 7 outlines the practical and theoretical
contributions. Finally, Section 8 concludes the paper and suggests
directions for future research. This structured approach enhances
understanding of progress dynamics and supports more accurate,
data-driven decision-making across the construction project
lifecycle.

2 Literature review

Accurate planning and progress prediction are essential for
minimising delays, controlling costs, and enhancing project
efficiency (Johansen et al., 2025; Sovacool and Ryu, 2025). In
contrast, poor planning often leads to resource mismanagement,
budget overruns, and project delays (Castafieda et al., 2025;
Sheikhkhoshkar et al., 2025). Contributing factors include planning
deficiencies, poor scheduling, inadequate site management,
contractor inexperience, payment delays, and underestimated
costs (Abdallah et al., 2024; Castafeda et al., 2025). Additionally,
unmanaged project complexity significantly increases the risk of
failure (Ahmadzai and Ye, 2025; Daoud et al., 2023; Jiang et al.,
2025). Beyond technical factors, management practices such
as strong leadership, effective collaboration, and structured
planning can improve performance, yet institutional inefficiencies
and organisational barriers often undermine successful delivery
(Castaneda et al., 2025; Koirala and Shahi, 2024).

In response, various methods have been developed to assess and
predict the progress of construction projects across their lifecycle.
However, most existing studies focus on overall forecasting, which
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TABLE 1 Basic EVM metric.

Metrics Interpretation

Planned value (PV') | The approved budget is for work to be completed by a

specific date

Earned value (EV) The value of work finished by a specified date

Actual cost (AC) The costs incurred for work completed by a specified

date

estimates the final project duration and evaluates performance
only at completion. Moreover, task-level techniques require
detailed input, making them complex and less reliable in dynamic
environments. While both approaches are useful for long-term
planning, they overlook the need to forecast progress at intermediate
stages (e.g., 30%, 50%, 90%). Within these categories, overall
forecasting and task-level approaches, two widely adopted methods
are EVM and RM (Assaad et al., 2020; Ingle and Mahesh, 2024).

EVM integrates schedule, scope, and resource metrics to
monitor progress and identify deviations, using key indicators such
as Planned Value(PV), EarnedValue(EV), and Actual Cost(AC).
These core metrics, outlined in Table 1, enable the evaluation of
both schedule and cost performance. In contrast, RM focuses
on the stochastic nature of construction activities, assessing
the potential impact of unforeseen events and recommending
mitigation strategies. While EVM relies on historical data to
project future performance trends, RM emphasises proactive
risk identification and control (Assaad et al., 2020; Proafo-
Narvéez et al., 2022).

Despite their widespread use, both EVM and RM have notable
limitations. EVM relies on monetary units rather than time,
which can lead to misleading conclusions (Ngo et al, 2022;
Picornell et al., 2017; Stone, 2023). RM faces challenges in accurately
predicting and quantifying the impact of unforeseen events, as it
depends on assumptions about risk probabilities and outcomes,
which may be overly simplistic or inaccurate (Ballesteros-Pérez
and Elamrousy, 2018; Ballesteros-Pérez et al., 2020b). Moreover,
the limited awareness and adoption of EVM among construction
professionals further restrict its practical effectiveness (Keng and
Shahdan, 2015).

Nonetheless, EVM has been successfully applied in several
studies. Nadafi et al. (2019) used EVM to forecast time and cost
outcomes, while Picornell et al. (2017) adapted it for unit-price
contracts, enhancing decision-making. Similarly, Anwar et al
(2024) demonstrated its effectiveness in evaluating cost and time
performance in public construction projects. Comparative studies
provide further insights, particularly where researchers have
examined EVM extensions through the integration of alternative
methods. For example, Colin and Vanhoucke (2015) compared
extensions of EVM and found that EVM-SNB (Subnetwork
Buffers) achieved 80% accuracy with only 25% control effort.
In comparison, EVM-FPB (Feeding Path Buffers) reached 83%
efficiency with 43% effort—both outperforming traditional EVM-
LPB at lower resource costs. Similarly, Ngo et al. (2022) reformulated
EVM using singularity functions (SF), enabling continuous
progress tracking and more accurate estimates than conventional
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discrete models. Combining EVM with PERT has also been
shown to improve the forecasting accuracy of duration and cost
(Anwar et al., 2024; Ballesteros-Pérez et al., 2020a; Ballesteros-
Pérez et al., 2020b; Getawa Ayalew and Ayalew, 2024). Collectively,
these studies demonstrate that while enhanced EVM variants can
improve performance, they remain constrained by their reliance on
monetary metrics rather than time-based measures of progress.

Mathematical models offer an alternative approach (Alsaedi and
Naimi, 2024; Dattadean, 2016; Ghorogqi et al., 2023; Kumar and
Mouli, 2018). For example, Ballesteros-Pérez et al., 2020a proposed
formulas to estimate average project duration (up), achieving up
to 64% improvement in MAE and 90% in MSE compared to
PERT. Compared to EVM-based extensions, these models explicitly
integrate time variables; however, they still lack flexibility for
dynamic, milestone-specific monitoring.

In contrast to purely overall forecasting methods, several
statistical models integrate contextual variables to capture
how project-specific dynamics shape construction performance
(Mohammadjafari et al., 2024; Morozovskiy et al., 2019; Rudeli et al.,
2017; Yousefi et al., 2019). For example, Chao and Chen (2015) used
S-curve modelling incorporating factors such as project simplicity,
team competence, contract amount, duration, type of work, and
location. Their model achieved a mean RMSE of 0.027 and a
maximum RMSE of 0.047, with a correlation of 0.65 between the
number of contracts and project duration. Similarly, Cao etal. (2015)
examined Building Information Modelling (BIM) practices using
linear and hierarchical regression, identifying project size and type
as significant predictors of BIM effectiveness. Project size showed
a significant positive influence on task efficiency (TEY) and overall
BIM success (OBS), with R? values of 0.165 for TEY and 0.075 for
OBS, respectively. The highest R* value reached 0.339, highlighting
the role of BIM use and client support. Olanipekun etal. (2018)
employed Confirmatory Factor Analysis (CFA) and Structural
Equation Modelling (SEM) to investigate the impact of motivation
and owner commitment on green building project performance.
Both models showed good fit (e.g., RMSEA = 0.055—0.058; CFI =
0.965 — 0.967). Assaad et al. (2020) developed a framework to predict
project cost and schedule by assessing 25 key risks, using expert
surveys and modelling validated through a case study. Other studies
also reinforce these findings, Picornell et al. (2017), Alaloul et al.
(2016), and Ackon et al. (2025) emphasised the role of contractor
count, while Santolini et al. (2021), Sekar et al. (2021) and Azmat
and Siddiqui (2023) highlighted project size, and Ramli et al. (2018)
focused on project type in construction performance. Additionally,
advanced models have been developed to improve forecasting
accuracy. Yilmaz (2020) developed a multivariate non-linear delay
estimation model, while Kim et al. (2019) used multiple regression to
estimate construction durations with 88.51% accuracy. Collectively,
these studies demonstrate that contextual variables such as size, type,
and contractor count enhance the explanatory power of forecasting
models. Compared with traditional methods like EVM, statistical
models provide greater predictive depth by accounting for project-
specific and contextual factors; however, their accuracy remains
modest relative to machine learning approaches.

Building on statistical foundations, other advanced frameworks
have been introduced to improve project monitoring and
forecasting. Alizadehsalehi and Yitmen (2016) integrated field
data capturing technologies (FDCT) with BIM to automate
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construction project progress monitoring (ACPPM). Using the
Relative Importance Index (RII), their study found 3D Laser
Scanning most effective, with RII values of 0.89 for physical data
collection and 0.86 for progress visualisation. Similarly, Assaad et al.
(2020) proposed a comprehensive framework for evaluating project
progress, predicting cost and time, and assessing construction risks
using distribution functions and survey-based risk scoring.

Compared with regression and statistical models, machine
learning (ML) and deep learning (DL) methods have achieved
notable gains in forecasting accuracy for construction progress and
costs (Akinosho et al., 2020; Al-Ghzawi and El-Rayes, 2024; de
S4 Pedroso, 2017; Liben et al., 2024; MerdZanovié et al., 2023;
Regona et al.,, 2022a; 2022b; Yu et al, 2022). For instance, Guo
etal. (2019) demonstrated that Wavelet Neural Networks (WNN)
reduced MAPE by 78% with R2 = 0.66 compared with regression
(R2 = 0.475), although requiring large datasets and offering limited
interpretability. Jaber et al. (2020) developed regression-based ML
models to predict SPI, CPI, and TCPI using six inputs, achieving
R? values of 73.2%, 79.6%, and 74.4%, respectively, outperforming
traditional statistical models. Ensemble approaches have also proven
superior. Egwim et al. (2021) reported 76% accuracy in delay
prediction by combining Decision Trees, Random Forests, and
Naive Bayes. More advanced comparisons by Alsulamy, (2025)
revealed that LGBM outperformed CatBoost and XGBoost across
all time-overrun levels, while GAN (91% accuracy) surpassed
LSTM (88%) and MLP (83%) (Alsulamy, 2025). These findings
highlight the comparative advantage of ML/DL methods over
regression-based and EVM approaches, though challenges such as
the “black box” problem, high computational demands, and ethical
concerns continue to limit their adoption (Akinosho et al., 2020;
Burrell, 2016; Regona et al., 2022b).

Alternative approaches, including Delphi techniques, chance-
constrained programming, and System Dynamics (SD), provide
additional perspectives but lag behind ML in predictive accuracy
and adaptability. Alaloul et al. (2016) ranked coordination factors
affecting building project performance using the Delphi method,
but it is prone to expert bias and groupthink. Sun et al. (2023)
applied chance-constrained programming to minimise delays under
uncertainty, yet such models often rely on idealised assumptions and
extensive calibration.

Some researchers have also applied System Dynamics (SD)
to estimate construction project performance (Al-Gahtani et al.,
2022; Bajomo et al., 2022; Ding et al., 2016; Leon et al., 2018;
Taha et al., 2022). Leon et al. (2018) developed an SD model for road
projects, integrating cost, schedule, quality, and other performance
metrics. While effective in forecasting and scenario analysis, the
model’s accuracy may be limited by assumptions and simplified
dynamics. Thiele et al. (2025) introduced NPMB, achieving 95.6%
accuracy in predicting schedule trends but only 48.9% for cost.
However, it highlights trend bias rather than stage-specific progress
probabilities.

Taken together, existing models reveal a clear comparative
pattern. EVM lacks time integration and, although built on task-level
planning data, reduces activity progress into aggregated cost-based
measures that obscure detailed scheduling dynamics. RM depends
on rigid risk assumptions and faces challenges in predicting and
quantifying the impact of unforeseen events, as its probability-based
inputs are often simplistic or inaccurate. The S-curve technique
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offers only a cumulative perspective of progress and lacks the
milestone-level granularity necessary for proactive monitoring,
thereby limiting its usefulness. ML and DL approaches consistently
outperform traditional methods in predictive accuracy, yet they
struggle with interpretability and often function as black-box
systems. SD-based approaches, while valuable for mapping systemic
interactions and resource flows, tend to oversimplify the complexity
of real-world projects. Statistical models enhance explanatory depth
by integrating contextual variables, but they tend to plateau in
accuracy compared to advanced Al-based methods.

these approaches
completion forecasting, with limited attention to stage-specific

Critically, diverse emphasise overall
progress. These limitations highlight the need for an approach
that integrates statistical transparency and stage-specific accuracy
with broad applicability and practical relevance. Such an approach
should provide milestone-level insights without the opacity of
black-box models or the heavy data requirements of task-level
methods. The present study addresses this gap by introducing an
interpretable, probabilistic framework designed to generate stage-
based forecasts that support proactive planning, resource allocation,

and monitoring in construction projects.

3 Research methodology

This
illustrated in Figure 1, to develop and validate a probabilistic,

study employs a  multi-step  methodology,
stage-based forecasting model for construction progress. The
process began with data preparation and preprocessing, followed
by correlation analysis to examine relationships among predictors.
A modelling framework was then established, and candidate
models—including ML approaches and MLR were compared,
with MLR identified as the most suitable technique. Subsequently,
stepwise MLR fitting was conducted by progressively introducing
variables and interaction terms to determine the optimal
specification. Model performance was evaluated using accuracy,
kappa, AIC, and log-loss, while class-level metrics such as sensitivity,
specificity, PPV, NPV, and balanced accuracy were applied to
assess reliability. Finally, validation was performed through cross-
validation and temporal hold-out testing. The resulting optimal
model provides practical implications for construction progress

forecasting and supports data-driven decision-making.

3.1 Data source and preprocessing

This study draws on a comprehensive dataset of over 220,000
construction projects undertaken in New Zealand between 2013
and 2022, encompassing both small- and large-scale developments.
The dataset, sourced from Pacifica Company and supplemented
with industry benchmarks, includes detailed information on
project types, timelines, value estimates, contractors, progress, and
locations. To ensure reliability and accuracy, several preprocessing
steps were undertaken. After excluding incomplete records for
key explanatory variables, less than 1% of cases were removed,
resulting in a final analytical sample of approximately 218,000
projects. Project timelines were reformatted into a consistent
date structure, enabling the accurate calculation of durations and
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Research methodology flowchart.

progress intervals. Project value was normalised within each type  zero and a standard deviation of one within each group, preserving
(e.g., Civil, Residential, Commercial) using z-score standardisation,  relative differences while improving comparability across categories
calculated as Z = (x— p)/o. This transformation ensured a mean of  and reducing the impact of large value ranges. In contrast, variables
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such as duration, project type weight, and number of contractors
exhibited limited variability and did not require transformation.
Categorical variables were harmonised to resolve inconsistencies in
labelling, and outliers were reviewed to minimise the influence of
erroneous entries. These steps established a consistent, standardised
dataset suitable for robust model development.

3.1.1 Definitions

Project progress (pp) represents the percentage of a project
completed at a given time, categorised into seven levels: 5%,
15%, 30%, 50%, 70%, 90%, and 100%, where 5% indicates project
initiation and 100% represents completion. Here, pp is a dependent
variable and is modelled as a function of several independent
variables: project value (pv), duration (du), project type, number
of main contractors (noc), and the interaction between time and
value. Project value (pv) refers to the initial estimated value for
construction, indicating project size and scale. Project type (pt) is
classified into eight categories: Residential, Commercial, Industrial,
Civil, Health, Education, Sport, and Heavy Industry/Energy, with a
weight (wtp) assigned to each type based on its total value relative to
all projects. The number of main contractors (noc) reflects the total
number of primary contractors involved in each project, serving
as an indicator of the workforce scale. Duration (du) captures
the time in years since the project’s initiation, based on recorded
progress intervals. This time factor is essential for understanding
how duration influences project advancement and is integral to the
performance modelling approach adopted in this study.

3.2 Correlation analysis

Examining the relationships between pp and variables such as
du, pv, wtp, and noc is essential for identifying key drivers and
ensuring model accuracy. Pearson correlation is used to assess the
linear relationships between these continuous variables, with the
coefficient r calculated as:

L Ye-90-) .

VY (x-%2Y (v-5)

Where x and y are the variables and x and y are respectively the

means of these variables. Correlation significance is assessed using a
p-value; values below 0.05 indicate statistical significance.

3.2.1 Conditional correlation

As project progress is influenced by both time and project value,
conditional correlation is used to isolate the effect of time while
controlling the effect of project value. This approach clarifies how
time alone impacts progress, independent of project size or budget.

Correlation (project progress and duration | project value) = r (pp & du | pv)

3.3 Model framework

3.3.1 Candidate models

To predict pp, MLR was selected as the primary model due
to its interpretability, statistical rigour, and suitability for handling
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multiple outcome categories. du and pv were specified as the core
explanatory variables, as they capture the temporal and financial
dimensions most relevant to project outcomes. To benchmark the
performance of MLR and ensure the robustness of model selection,
alternative ML approaches were also considered, namely, Decision
Trees and Random Forests. These models were selected to provide
complementary perspectives: Decision Trees offer a simple, rule-
based structure that can capture non-linear relationships, while
Random Forests aggregate multiple trees to improve predictive
accuracy and reduce variance.

The comparison across candidate models was conducted using
Accuracy and hen's Kappa (k). In this context, Accuracy refers to
the proportion of project progress stages correctly predicted by the
model relative to the observed stages in the dataset, and it was
measured from the confusion matrix by dividing the number of
correct classifications by the total number of predictions. Cohen’s
Kappa (k), in contrast, measures the level of agreement between
predicted and actual classifications after adjusting for agreement
expected by chance, and it was calculated by comparing the observed
accuracy (p,) with the expected accuracy (p,) derived from the
marginal totals of the confusion matrix. The formulas for Accuracy
and Kappa are presented below.

Number o f Correct Predictions

A = 3
ceuracy Total Predictions ®
k= Po~Pe (4)
1-p,

3.3.1.1 Model specification: multinomial logistic

regression (MLR)

MILR is an extension of the logistic regression (LR) model,
specifically designed for discrete variables with more than two levels
(Liang et al., 2020; Ramadhan et al.,, 2017). Introduced by Luce
(1959), this method has been widely applied across various fields,
including the construction industry (Lin et al, 2014). In MLR,
the dependent variable has r+ 1 possible outcomes; outcomes are
denoted as 0,1,2, ...
as the reference outcome, and r pairwise logistic regressions are

,r, where r > 1. One of these outcomes is chosen

conducted between the reference outcome and the other outcomes.
A binary logistic regression for the h — th outcome, assuming zero as
the reference event, can be defined using the following equation: p,,
represents the probability that the ith sample is associated with the
h — th outcome (EI-Habil, 2012; Lin et al., 2014).

P k

log it(Py,) = lnP—'h =bop + by + bopxp + o+ bgxy = Z bjnx;;

i0 j=0
(5)

By taking the exponential of both sides of the log-odds
formulation, the probability ratio is obtained as shown in Equation 6.

= 7 = exp(Z ) ©)

Letzy = exp(zj obinij ) therefore z;, = 2

To simplify the notation, we define “as the exponential
transformation of the linear predictor, as expressed in Equation 7.

1= ZPit =Pt Zpit =Pt ZPioZih = Pio<1 + zzih> (7)
=0 =1 =1 =1
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Rearranging the expression for the baseline probability yields the
closed-form solution presented in Equation 8.

1
k
j=objhxij)

the
logistic

=Pip= 1, = (8)
(1 + Z::1Zih) 1+ exp(

Substituting the baseline term into

the
function, shown in Equation 9.

Dodn exP(Zf:objhxij)
1+ Z::1Zih) 1+ exp(zjllobjhxij)

When the response variable consists of only two outcomes,

class-specific

probability  gives multinomial probability

©)

:>pih: (

the model follows the binomial distribution. However, when
the response variable has more than two outcomes, as in
this study, the model follows the multinomial distribution (El-
Habil, 2012; Liang et al., 2020). In this study, the MLR model is used
to predict the probability of pp from the initial phase to completion
while considering factors such as du, pv, noc, and wtp. According to
the available data set, the pp is divided into seven levels: 5%-100%.
These progress levels are symbolically associated with probabilities

denoted as Pso;, P50 Paoor> Psoo> Proos Pogo, a0 Poge, - The outcome

30%?
of project progress is defined across seven levels, with the initial

phase (5%) serving as the reference level.

3.3.2 Stepwise model development and selection

After identifying the best candidate model based on the
results in Section 3.3.1, the next step involved stepwise development
to progressively add variables and interaction terms to find the
optimal model. Variables were added stepwise based on their
importance and correlation with project progress. The process began
by testing pv and du separately, then together, followed by their
interaction term. Next, noc was added, and finally wtp in the
following specifications:

o Model1: pp ~ pv

o Model2: pp ~ du

e Model3:pp ~ du+pv

o Model 4:pp ~ du+pv+duxpy
o Model 5:pp ~ du+pv+noc

o Model 6:pp ~ du+pv+noc+wtp

Model performance was evaluated using Accuracy, Residual
Deviance, AIC, Log-Loss, and Cohen’s Kappa. Lower Residual
Deviance, AIC, and Log-Loss indicated a better fit, while higher
Accuracy and Kappa reflected stronger predictive power. The
specification with the best overall performance across these metrics
was selected as the optimal model. By forecasting progress at
key milestones (5% — 100%), the final model provides actionable
insights for project managers, supporting more effective planning,
risk management, and resource allocation.

3.3.3 Optimal model and predictive formula

Once the best specification was identified, the estimated
coeflicients were evaluated at a 0.05 significance level to determine
their statistical relevance. Statistically significant coefficients
indicate the strength and direction of each factor’s contribution

Frontiers in Built Environment

07

10.3389/fbuil.2025.1681156

to predicting project progress. The final MLR model was then used
to generate probability estimates for each progress milestone, with
the predictive formula (Equations 1 - 5) applied to estimate the
likelihood of reaching stages from 5% to 100%.

3.3.4 Optimal model performance in class-level
diagnostic

The predictive performance of the optimal model was
evaluated using the confusion matrix and a set of derived
classification metrics. The confusion matrix compares predicted
project progress stages against the observed stages, providing the
foundation for quantifying both correct and incorrect classifications
across categories. From this matrix, several metrics were
calculated to capture different dimensions of model performance,
including Accuracy, Sensitivity, Specificity, Precision (Positive
Predictive Value, PPV), Negative Predictive Value (NPV), and
Balanced Accuracy.

Sensitivity, shown in Equation 10, reflects the model’s ability
to correctly identify projects in a given progress stage, whereas
Specificity, defined in Equation 11, indicates the ability to correctly
exclude non-cases. Precision (PPV), presented in Equation 12,
measures the proportion of correct positive predictions, while
NPV, given in Equation 13, quantifies the proportion of correct
negative predictions. Balanced Accuracy, computed as the average
of Sensitivity and Specificity, provides a more robust measure in the
presence of class imbalance.

In addition, Odds Ratios (OR = exp(f)) derived from the
MLR coeflicients were used to evaluate the relative influence
of each predictor. Higher OR values indicate stronger effects of
the corresponding predictor on project progress. Together, these
measures provide a comprehensive assessment of the model’s
predictive capability, ensuring that evaluation accounts for both
overall correctness and stage-level reliability.

True Positives

Sensitivity = 10
4 True Positives + False Negatives (10)
Specificit True Negatives (11)

ecificity =
P 4 True Negatives + False Positives
Positive Predictive Value = 7."r'ue Positives — (12)
True Positives + False Positives
. o True Negatives

Negative Predictive Value = 13)

True Negatives + False Negatives

3.4 Model validation

A two-stage validation strategy was employed to assess model
reliability and minimise overfitting. First, a 5-fold stratified
cross-validation was conducted on the training subset (projects
commencing before 2019), ensuring the distribution of progress
classes was preserved. At each iteration, four folds were used for
model estimation and one for validation, and the process was
repeated until all folds had served as validation. Final performance
metrics were obtained by averaging across folds. To further evaluate
estimate stability, models were tested under varying regularisation
settings (decay parameters of 0, 0.01, and 0.10). Second, to
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TABLE 2 Distribution of project types in the New Zealand construction industry (2013-2022).

Type Number Ratio pv (Billion $ NZD) wtp noc
Residential 153,400 68% 163B 39% 201,503
Civil 24,027 11% 998 24% 53,030
Commercial 23,783 11% 64B 16% 55,044
Education 10,584 5% 16B 4% 34,810
Industrial 6,186 3% 208 5% 12,236
Sport 2,337 1% 4B 1% 5,888
Health 2,224 1% 9B 2% 5927

approximate a real-world forecasting scenario, a temporal hold-  TABLE3 Pearson correlation matrix.
out evaluation was conducted using projects commencing in 2019

. . Variable % (o [V] wt noc
or later. This separation ensured that the test set was temporally PP P P
distinct from the training set, thereby allowing assessment of model p | Coeff 1.00 ~0.14 037 015 033
generalisability under changing industry conditions. Together, these p-value <0.01 <0.01 <0.01 <0.01
complementary approaches provide both resampling-based internal
validation and independent temporal testing, strengthening the pv | Coeft 1.00 0.19 ~0.07 0.17
) p-value <0.01 021 <0.01
robustness of the modelling framework.
du Coeff 1.00 -0.06 -0.04
p-value 0.33 0.69
3.5 Practical implications
wtp | Coeff 1.00 -0.45
-val <0.01
The optimal model is applied to real-world data from New prvete
Zealand’s construction industry to predict project progress across noc | Coeff 1
key milestones (5%-100%). It assesses how key factors influence p-value

progress over time, helping project managers anticipate challenges,
optimise resources, and mitigate risks. By providing stage-specific
insights, the model facilitates informed decision-making and
proactive performance monitoring, making it a practical tool for

enhancing project delivery and mitigating delays and cost overruns. 4.2 Correlation analysis

Table 3 shows key correlations between pp and variables such

4 Findings and ana[ysis as pv,du,wtp, and noc. A negative correlation between pp and
pv (-0.14, p < 0.001) suggests that higher-value projects progress
4.1 Data overview more slowly, likely due to increased complexity. In contrast, pp

positively correlates with du (r=0.37,p < 0.001), indicating that

Table 2 summarises New Zealand construction projects from  longer durations are associated with greater completion, which
2013 to 2022, highlighting key statistics by project type. Residential ~ aligns with expected project timelines.
projects dominate, comprising 68% of total projects, 39% of total The correlation between pp and wip at 0.15 (p < 0.001) suggests
value, and 201,503 contractors. Civil and commercial projects each ~ that higher-weighted projects, such as residential ones, tend to
account for 11% of projects, with civil projects contributing 24%  progress more efficiently due to simpler workflows. In contrast,
of the value and employing 53,030 contractors, and commercial ~ pp negatively correlates with the noc at -0.33, indicating that
projects contributing 16% of the value and employing 55,044  projects with more contractors are generally more complex and
contractors. Educational and industrial projects account for 5%  slower. This is supported by the positive correlation between noc
and 3% of projects, with 4% and 5% of value, respectively. Sports ~ and pv at 0.17, as larger projects often require more contractors.
and health projects each represent 1% of total projects, with value ~ Additionally, pv and du show a small positive correlation (0.19),
shares of 1% and 2%, and around 5,900 contractors each. The wtp ~ and wtp and noc are negatively correlated (-0.45), reflecting fewer
column shows each type’s financial weight, while noc highlights ~ contractors in higher-weighted project types. It is essential to note
workforce distribution. This overview highlights the construction  that some correlation values are small, even though relationships
sector’s diversity in terms of scale, cost, and labour needs, which is ~ are meaningful. Small correlations can still achieve statistical
crucial for informed planning and resource allocation. significance in large sample sizes because the sample size influences
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TABLE 4 Conditional correlation.

10.3389/fbuil.2025.1681156

TABLE 5 Comparing candidate model performance.

pv (million SNZ) Corr (pp and du | pv) Model Accuracy Kappa
<IM 0.41 MLR 0.89 0.72
1IM-5M 0.57 Random forest 0.76 0.18
5M-15M 0.49 GBM 0.84 0.47
15M-25M 0.35 Decision tree 0.72 0.13
25M-50M 0.33
>50M 0.44

the p-value. As the sample size increases, the variability in the data
decreases, making even weak correlation coefficients statistically
significant.

4.2.1 Conditional correlation

Table 4 presents conditional correlations between pp and
du across different pv ranges, offering deeper insight beyond
simple correlations. Projects with a pv below $1 million show a
moderate correlation (r=0.41) between du and pp. The strongest
correlation (0.57) is found in the $1M-$5M range, indicating
strong time-progress dependency. As project value increases, this
correlation weakens: $5M-$15M shows a correlation of 0.49,
$15M-$25M drops to 0.35, and $25M-$50M shows a correlation
of 0.33, suggesting that progress becomes less time-dependent,
possibly due to better resource planning or management. For
projects exceeding $50M, the correlation increases slightly to
0.44, likely to reflect the complexity of large-scale projects.
These findings highlight that the relationship between time
and progress varies with project value, reinforcing the need
to account for value-based timeframes in modelling project
performance.

4.3 Model framework

4.3.1 Candidate models

The results of the model comparison, using the project du
and pv as independent variables, are shown in Table 5. Among
all models tested, MLR achieved the highest predictive accuracy
(0.89) and the strongest agreement (Kappa=0.72). Gradient
Boosted Machines (GBM) demonstrated competitive accuracy
(0.84) but substantially lower agreement (Kappa =0.27), while
Random Forest and Decision Trees exhibited weaker overall
performance. These results confirm that MLR outperformed
ML alternatives. While future research may explore tuned ML
approaches, this study prioritised establishing a rigorous and
transparent baseline that balances predictive performance with
interpretability.

4.3.2 Stepwise model development and selection

In this step, six MLR models were compared, with pp as the
response variable and pv, wtp, noc, and du as predictors (Table 6).
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The comparison indicates that Model3, which includes pv and du,
outperformed all others, achieving the highest Accuracy (0.89),
lowest Log — Loss (0.26), the highest Kappa (0.72), and the lowest
Residual Deviance (212,220.3) and AIC (212,251.3), indicating
excellent predictive power and fit. Models1 and 2, which used pv
and du separately, showed weaker performance (Accuracy: 0.75 and
0.78; Kappa: 0.31 and 0.40). Model 4, incorporating an interaction
term (pv x du), slightly improved Accuracy (0.86) but increased
model complexity without surpassing Model3. Models5 and 6,
which added noc and wtp, achieved moderate Accuracy (0.80
and 0.79) and Kappa (0.56 and 0.55) but exhibited higher Log-
Loss and AIC values, indicating reduced efficiency compared with
Model3.

4.3.3 Optimal model and predictive formula

Table 7 shows that the intercepts and regression coefficients of
Model three for predicting project progress at six levels (15%-100%)
versus 5% are statistically significant (p < 0.05). All intercepts (p <
0.001) reflect baseline progress probabilities. du shows consistently
positive, significant effects (p < 0.001), highlighting its key role in
driving project advancement.

For early progress stages like 15%, the coeflicient for pv is
small and only marginally significant (p =0.041), indicating a
weak relationship. As progress levels increase (30%-100%), pv
coeflicients become increasingly negative and highly significant
(p < 0.001), suggesting that higher-value projects may face
delays or added complexity. In contrast, du shows a strong
and growing positive effect in later stages, with coefficients of
2.75at 90% and 3.17 at 100%, confirming its critical role in
achieving completion. The pronounced negative coefficient for
project value at 100% (—5.85e—07) further highlights challenges
in managing high-value projects. These results emphasise the
dominant influence of time in reaching full completion and
the growing complexity linked to larger budgets. The detailed
relationships between project progress and predictors (duration
and value) are captured in the logit models presented in
Equations 14-26.

P(pp = 5%)

Logit (P5%,15%) = ln( —
P(pp = 15%)

):2.36+0.94 # du+8.10e—11% pv  (14)

P(pp = 30%)

Logit (P5%,30%) = ln( =
P(pp = 5%)

) =2.24+1.29 * du—9.70e—10 * pv

(15)
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TABLE 6 Model comparison results.

Model Accuracy ‘ Residual deviance AIC Log-loss Kappa
Model 1 075 353,145.4 353,169.4 072 031
Model 2 0.78 331,734.6 331,758.6 0.67 0.40
Model 3 0.89 212,220.3 212,251.3 0.26 0.72
Model 4 0.86 223,975.3 223,868.3 036 0.61
Model 5 0.80 244,565.2 243,625.0 0.42 0.56
Model 6 0.79 244,835.5 244,612.0 0.42 0.55

Model1:pp ~ pv

Model2:pp ~ du

Model3:pp ~ du+pv

Model4:pp ~ du+pv+du * pv
Model5:pp ~ du+ pv+ noc
Model6:pp ~ du + pv +noc + witp

TABLE 7 Model summary and coefficients for model 3. Let: M = exp (logit(Ps%,ls%)) +exp (logit(Ps%,so%)) +exp
Class Intercept Intercept du (lOgl:l’(P5%,50%)) +exp(logit(Psy 7o) + exp(logit(Psy g0s)) + exp
estimate (logit(Psy, 100%))
Then
pp~15% Coeff 2.36 0.94 ~8.10¢-11 s e exp(logit(Psy, 150,))
P—value 0.001 0.001 0.041 Plpp = 15%) = 1+M (20)
pp ~30% Coeff 224 129 ~9.70e-10 s _ exp(logit(Psy 30%))
P—value 0.001 0.001 0.001 Plpp =30%) = 1+ M @D
pp ~50% Coeff 3.97 3.46 ~9.10e-08 . exp(logit(Pse, 50%))
P value 0.001 0.001 0.001 Plpp =50%) = ——————— (22)
1+M
pp ~70% Coeff 3.89 148 ~3.30e-07 . exp (logit(Ps 709,))
P value 0.001 0.001 0.001 P(pp =70%) = ————— (23)
1+M
pp~90% Coeff 5.84 2.75 ~4.11e-07 R exp (10git(Psy, 900))
P~ value 0.001 0.001 0.001 P(pp = 90%) = ——— 027 (24)
1+M
pp ~ 100% Coeff 347 3.17 —5.85¢-07 A exp (Jogit(Pey, 1o
P—value 0.001 0.001 0.001 P(pp = 100%) = P (logit{Pss 01) (25)
1+M
P(pp=5%) = —— (26)
1+M
) P(pp = 50%) . . . . .
Logit (P5%,50%) = In W =3.97+3.46 * du—9.10e—08 * pv  (16) Figure 2 illustrates the interaction between project value and

duration in shaping progress stage predictions under Model3.

The background regions represent the most likely predicted stages

) =3.89+1.48 * du—3.30e—07 * pv (pp ~ 30%,50% & 100%), while the overlaid points denote observed
(17)  projects across progress stages (pp ~ 5% —90%). The plot shows

that low-value, short-duration projects are consistently predicted

P(pp = 70%)

Logit (P5%,70%) = ln( =
P(pp = 5%)

P(pp = 90%)
P(pp = 5%)

in earlier stages (pp ~ 30%), whereas higher-value, longer-duration
projects tend to be classified in later stages (pp ~50% —100% ).
This alignment indicates that Model three effectively captures

Logit(P5%,90%) = ln( ) =5.84+2.75 % du—4.11e—07 * pv

(18)
stage-based progress dynamics, with observed projects clustering

>=3.47+3.17 * du—5.85¢—07 * pv closely around predicted regions. The results highlight the
(19)  ability of the Model3 to generate reliable forecasts and provide

P(pp = 100%)

Logit (P5%,100%) = ln( ~
P(pp =5%)

reference ranges for expected completion times. However, greater

According to Formulas 12t018, it is possible to predict the  dispersion is evident in high-value projects (abovel00MNZD),
probability of project progress based on project value at different  reflecting increased variability and uncertainty. Overall, the figure
times after the project’s commencement. demonstrates how project value and duration jointly influence
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Observed vs Predicted Regions (Model 3)
A2°°°‘ Observed stage
T 1500 33,30%‘:
5 o pp~50%
2 o pp~70%
gmoo- © pp~90%
(=]
-
_i 5001 Predicted stage
2 = pp~30%
o u pp~50%

0- ® pp~100%
1M 100 M 10G
Project Value (NZD, log scale)

FIGURE 2
Interaction of project value and duration in progress stage
predictions (model 3).

TABLE 8 Odds ratios for predictors for best Model.

Class Intercept Intercept du
estimate

pp~15% Oddratio 9.54 1.67 13
p—value <0.001 <0.001 <0.001

pp ~30% Oddratio 42.1 1.41 1.2
p—value <0.001 <0.001 <0.001

pp ~50% Oddratio 35.6 275 0.99
p—value <0.001 <0.001 <0.001

pp ~70% Oddratio 487 2.95 0.99
p - value <0.001 <0.001 <0.001

pp ~90% Oddratio 126.24 3.26 0.99
p—value <0.001 <0.001 <0.001

pp ~100% Oddratio 436 275 1.0
p—value <0.001 <0.001 <0.001

construction progress classification, supporting the regression
outcomes.

4.3.4 Optimal model performance in class-level

diagnostic
To assess the classification models performance, key
metrics such as Odds Ratio (OR), Sensitivity, Specificity,

Positive  Predictive Value (PPV), Negative Predictive Value
(NPV), and Balanced Accuracy (BA) were employed to evaluate
predictive accuracy, error balance, and overall reliability. As
presented in Table 8, the model—comprising duration and project
value as predictors—illustrates how these variables influence the
probability of reaching distinct project stages. The intercepts,
representing baseline odds, vary across progress levels, reaching
their highest value at 90% (126.24), which indicates a strong inherent
likelihood of nearing completion.

Duration consistently exhibits a strong positive effect, with odds

ratios greater than one across all stages—peaking at 90% (3.26),

Frontiers in Built Environment

11

10.3389/fbuil.2025.1681156

TABLE 9 Confusion matrix derived metrics across project
progress levels.

Class  Sensitivity Specificity‘ PPV NPV ‘ BA ‘

Pp~5% 018 0.999 0178 | 99.50% = 0.589
pp~15% 0.28 0.998 0312 | 9820% | 0.64
pp ~ 30% 0.817 0.978 0.648 = 99.11% | 0.898
pp ~50% 0.462 0.994 0.538 | 94.46% = 0.727
pp ~70% 0.45 0.949 0385 | 92.77% | 0.704
Pp ~90% 0.89 0.923 0.883 | 95.66% = 0.906
pp ~100% 0.677 0.978 0.642 | 96.83% | 0.837

followed by 70% (2.95) and 50% (2.75)—underscoring its critical
role in driving progress. In contrast, project value shows a modest
positive impact in early stages (15%: 1.30; 30%: 1.20) but becomes
less influential in later stages, with odds ratios approaching 1.00.
These results suggest that while project value facilitates early-stage
progress, duration remains the dominant predictor in advancing
toward completion. All coefficients are statistically significant
(p < 0.001), confirming the model’s robustness. Overall, the findings
affirm that time is the most critical determinant of construction
progress, whereas the influence of project value diminishes as
projects mature.

Table 9 summarises the model’s performance across project
progress levels using key classification metrics: Sensitivity,
Specificity, PPV, NPV, and Balanced Accuracy (BA). Sensitivity is
initially low—18% at ~5% and 28% at ~15%—indicating limited
early-stage detection but rises sharply to 81.78% at ~30% and
peaks at 89% at ~90%, before declining slightly to 67.7% at full
completion (~100%). This pattern reflects improved accuracy
in identifying projects nearing completion. Specificity and NPV
remain consistently high, PPV increases moderately, and BA shows
steady improvement across progress levels.

In contrast, Specificity remains consistently high across all
progress levels, starting at 99.9% (~5%), gradually decreasing to
92.3% (~90%), and rising again to 97.85% at 100%. This consistency
suggests the model is highly reliable in identifying projects that have
not yet progressed. PPV, reflecting the likelihood that a predicted
completed project is truly complete, the estimates start low at
~5% (17.8%) and 15% (31.2%). It improves to 64.8% at ~30%,
peaks at 88.34% at ~90%, but drops slightly to 64.28% at 100%,
possibly due to end-stage complexities or variability. NPV remains
strong throughout, from 99.5% at ~5%-96.8% at 100%, indicating
high reliability in identifying incomplete projects. The average of
sensitivity and specificity (BA) shows steady improvement: from
58.9% at ~5%-89.8% at ~30%, peaking at 90.66% at ~90%, and
settling at 83.7% at 100%. This progression reflects the model’s
increasing effectiveness over the project lifecycle. Overall, the model
performs exceptionally well in later stages, reinforcing its utility for
monitoring project progression as more data accumulates over time.
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TABLE 10 Cross-validation results.

Decay ‘ Accuracy Kappa
0.00 0.9281 0.8704
0.01 0.9880 0.8692
0.10 0.9858 0.8403

TABLE 11 External validation results (test 2020-2022).

Metric Value

Accuracy 0.768

0.673

Kappa

4.4 Model validation

To assess the temporal robustness of Model 3, projects
commencing before 2019 were used for model training and
cross-validation, while those starting from 2020 onward served
as an independent temporal hold-out set for external testing.
This temporal split simulated real-world forecasting conditions,
where the model trained on historical data is applied to future
projects. Within the training subset, a 5-fold Cross — validation (CV)
procedure was employed to tune the decay parameter (0, 0.01,
0.10), which controls model regularisation. The objective was
to balance model complexity and generalisation capability. The
CV results (Table 10) show that the model with decay = 0 achieved
the highest Accuracy (0.988) and Kappa (0.870), confirming
that additional regularisation did not improve generalisation and
that the unpenalised specification provided the most stable fit.
The five-fold CV outcomes were highly consistent across folds,
with negligible variation in Accuracy (0.988 + 0.001) and Kappa
(0.870 + 0.002), indicating that Model three was not sensitive
to sampling variation and exhibited no evidence of overfitting
during training.

For external validation on future data (Test 2020-2022), the
model’s generalisation performance was subsequently evaluated
using the post-2019 dataset (Table 11). Accuracy declined slightly
to 0.768, with Cohen'sKappa=0.673, indicating substantial
agreement between predicted and observed progress classes.
Although this represents a small reduction from the training
phase, the model maintained strong predictive capability and
stable performance when applied to unseen, temporally distinct
data. The minor decline likely reflects changes in project
characteristics and external conditions after 2019, such as
market fluctuations, regulatory updates, and pandemic-related
disruptions. Nevertheless, the consistent overall performance
demonstrates the model’s robustness, adaptability, and practical
utility for forecasting project progress across varying temporal and
economic contexts.

Table 12 presents the class-level performance metrics for Model
three during the test phase. The model achieved near-perfect results
for late-stage projects, with pp ~90% and pp ~ 70% showing
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almost complete sensitivity (0.999-0.986), specificity (0.996-0.999),
and balanced accuracy (0.991-0.999). These results indicate that
the model effectively captured the dominant patterns associated
with projects nearing completion, where progress characteristics
are more consistent and predictable. 1n contrast, early-stage
categories (pp ~ 5% and pp ~ 15%) recorded low sensitivities
(0.22-0.25) but very high specificities (~0.999), leading to moderate
balanced accuracies (0.61-0.62). This suggests that the model
tended to underestimate early progress classes due to their higher
variability and limited representation. Mid-range stages (pp ~
30% and pp ~ 50%) showed mixed performance, reflecting
overlapping project characteristics and transitional complexity.
Overall, Model three demonstrated exceptional discriminative
ability for identifying well-defined late-stage progress patterns
while maintaining reasonable generalisation across all progress
categories.

Receiver Operating Characteristic (ROC) analysis is presented
in Figure 3 and Table 13 summarises the one-vs-all ROC curves
for Model three across six progress stages during the test phase.
The curves show outstanding discriminative performance for pp
~ 90% and pp ~ 70%, which closely approach the upper-left
corner of the plot, confirming near-perfect classification ability
(AUC ~0.99). Early stages such as pp ~ 5% and pp ~ 15%
also achieved high AUC values (>0.95) despite their smaller
sample sizes. In contrast, mid-stage classes (pp ~ 30% and
pp ~ 50%) display lower curvature and greater deviation from
the ideal line, indicating moderate separation due to overlapping
project features. These findings highlight that the model is highly
effective at identifying projects in the very early and very late
stages, while predictive accuracy diminishes for intermediate
progress stages where overlap in project value and duration
is greatest.

Table 14 presents the year-by-year performance of Model
three across the test period. Accuracy remained strong in 2020
(0.865) and 2021 (0.894) but dropped sharply to 0.520 in
2022, revealing a clear temporal drift in predictive stability. This
deterioration suggests that post-pandemic shifts in construction cost
structures, labour availability, and project management practices
altered the relationships learned from pre-2019 data. Broader
external disruptions, including supply chain delays, material price
escalations, and regulatory changes, further reshaped progress
dynamics. These findings underscore the need for continuous
recalibration and adaptive model updating to sustain forecasting
accuracy amid evolving economic and industry conditions.

Taken together, the results from the cross-validation, external
validation, confusion matrix, and ROC analyses confirm the
model’s strong and coherent performance across multiple evaluation
dimensions. The five-fold cross-validation (Table 10) demonstrated
(Accuracy = 0.988; Kappa = 0.870)
with no signs of overfitting, while external validation on post-
2019 data (Table 11) showed only a modest decline (Accuracy =
0.768; Kappa = 0.673), indicating good temporal generalisation.
Class-level metrics (Table 12) further revealed that the model
captured late-stage progress patterns with near-perfect sensitivity

excellent internal stability

and specificity, while moderate accuracy for early stages reflected
class imbalance and variability. Consistently, the ROC analysis
(Figure 3; Table 13) reported high AUC values for both early
and late stages (>0.95), confirming strong separability across
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TABLE 12 Confusion matrix derived metrics on test data.

Sensitivity Specificity Pos pred value Neg pred value Balanced accuracy
pp~5% 0.246 0.999 0.389 0.997 0.623
pp~15% 0223 0.998 0357 0.997 0.610
Pp~30% 0.743 0.996 0.620 0.999 0.869
Pp~50% 0212 0.999 0.442 0.997 0.605
Pp~70% 0.986 0.996 0.885 0.999 0.991
PP~90% 0.999 0.999 0.999 0.990 0.999

ROC Curves (One-vs-All)
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FIGURE 3
Receiver operating characteristic (ROC) curve for model 3.
TABLE 13 Area under the ROC curve (AUC) for each progress TABLE 14 Year-by-year Model performance (test 2020-2022).
stage (model 3).
] Year n ’ Accuracy
Progress stage AUC Interpretation
2020 23,687 0.865
pp~5% 0.992 Excellent discrimination
2021 27,106 0.894
pp~15% 0.983 Excellent discrimination
2022 18,123 0.526
pp~30% 0.783 Acceptable discrimination
Pp~50% 0.790 Acceptable discrimination
pp~70% 0.504 No discriminative ability 4.5 Practical implications in real-world
scenarios
Pp~90% 0.819 Good discrimination

Using the optimal model, Equations20-26 estimate

project progress at different stages based on project size,

thresholds. Together, these findings demonstrate that Model three  incorporating key predictors like value and duration. The
performs reliably, generalises well over time, and maintains excellent ~ model is applied to real-world data from New Zealand’s
discriminative capability across progress categories. construction sector to predict progress milestones and support
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Probability of project progress

Probability of project progress

Probability of project progress for various project values (NZD) and durations (du). (a) Probability of project progress after one year (du = 1). (b)
Probability of project progress after two years (du = 2). (c) Probability of project progress after three years (du = 3). (d) Probability of project progress
after four years (du = 4). (e) Probability of project progress after five years (du = 5). (f) Probability of project progress after six years (du = 6).
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better planning and resource allocation. As shown in Figure 4,
predicted progress varies across durations from one to 6 years
(du=1t06), depending on pv. The analysis reveals that smaller
projects tend to reach milestones faster, while larger projects face
greater challenges due to increased complexity. These findings
emphasise the importance of accounting for both size and
duration when forecasting construction progress, enabling more
effective project management and reducing the risk of delays or
budget overruns.
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According to Figures 4a, after 1 year (du = 1), smaller projects,
such as those valued at 500k, exhibit a high probability of achieving
full completion (pp =100%), approximately 0.91. This highlights
their efficiency in meeting objectives quickly due to their simpler
scope and reduced complexity. In contrast, moderate projects valued
at $15M have a significantly lower probability of full completion
within 1 year, around 0.02. However, their probability of reaching
an intermediate progress level (pp = 50%) is 0.27, indicating steady,
albeit slower, advancement. By the second year (du = 2), the
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probability for these moderate projects to achieve pp = 50% increases
to 0.43, showcasing sustained progress over time.

P(pp = 100%|pv =500k, du=1)=0.91
P(pp =100%|pv = 15M,du = 1) = 0.02

P(pp = 50%|pv = 15M,du = 1) = 0.27

By the second year, according to Figures 4b, moderate projects
display increasing probabilities of intermediate progress levels (e.g.,
pp = 30%, pp = 50%). In contrast, smaller projects show signs
of stagnation due to potential resource constraints or unforeseen
challenges. For larger projects valued at $50M, the probability of
achieving early progress (pp = 15%) after 2 years is 0.34, while
moderate progress (pp = 30%) reaches 0.59. This indicates that larger
projects face greater initial challenges but gradually overcome them.

P(pp = 15%|pv = 50M, du = 2) = 0.34,
P(pp = 30%|pv = 50M, du = 2) = 0.59

At 3 years, according to Figures 4c, moderate projects emerge
as the most consistent performers, with a significant increase in
the probability of achieving moderate stages. For instance, the
probability of moderate progress (pp = 30%) for $50M projects
improves slightly to 0.61, while for $50M projects, pp = 50% reaches
0.08. This demonstrates steady, albeit slower, advancement for these
projects. In contrast, larger projects continue to face challenges that
impede rapid progress due to their complexity and scope.

P(pp = 30%]|pv = 50M,du = 3) = 0.61,
P(pp =50%]|pv = 50M,du = 3) = 0.08

By the fourth year, as shown in Figures 4d, moderate projects
stabilise in their progress probabilities, achieving high levels of
completion. For instance, the probability of achieving pp = 70% for
$30M projects is 0.53, while for $50M projects, it is 0.48. Similarly,
the probability of pp = 50% for $30M projects stabilises around
0.47. Small projects also begin to reach a higher probability of
completion, provided their challenges are resolved. However, large
projects remain delayed, as their extensive scope and dependencies
create barriers to timely completion.

P(pp = 70%|pv = 30M, du = 4) = 0.53

P(pp = 50%|pv = 30M, du = 4) = 0.43

P(pp =70%|pv = 50M,du = 4) ~ 0.48

P(pp = 50%|pv = 30M, du = 4) = 0.47

In the fifth and sixth years, as shown in Figures 4e,f, moderate
projects consistently achieve near completion or full completion,
reflecting their optimal balance between value and complexity. For
example, the probability of achieving pp = 70% with a value $ of
$100M is 0.43 by the fifth year, increasing to 0.65 by the sixth year.
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These results highlight the gradual improvement of large projects,
although their progress remains slower due to inherent challenges
such as resource mismanagement and external dependencies.

P(pp = 70%|pv = 100M, du = 5) = 0.43

P(pp = 70%|pv = 100M, du = 6) = 0.65

Overall, smaller projects demonstrate faster progress and higher
completion probabilities within shorter durations, while moderate
projects achieve steady and balanced advancement over time. Larger
projects require extended durations to overcome complexities,
with their progress becoming more significant only in later years.
These findings underscore the importance of tailoring project
management strategies to account for project value and duration to
optimise outcomes and address challenges effectively.

The results also support monitoring and risk detection. For
instance, if a project of a given size is expected to reach 50%
completion after 2 years but actual progress falls short, this signals a
potential issue. Project managers can then combine insights from
the model with on-site observations and stakeholder feedback to
diagnose the cause and decide whether to reallocate resources,
renegotiate milestones, or introduce contingency measures.

5 Discussion

This study identifies project size, project type, duration, and the
number of contractors as key determinants of construction progress.
Among these, project size and duration emerged as the most critical
predictors, forming the foundation for accurate forecasting and
effective planning—both of which are essential for project success.
Incorporating conditional correlation analysis enhanced the model’s
robustness by revealing how these factors interact to influence
project performance.

These findings align with previous research, which consistently
links inadequate planning to project delays and cost overruns
(Assaad et al.,, 2020; Kerzner, 2022; Shah, 2016). Prior studies
have also underscored the significance of project characteristics:
Cao et al. (2015) highlighted the combined effects of project
size and type on performance; Chao and Chen (2015) examined
duration and contractor count; and Picornell et al. (2017) and
Alaloul et al. (2016) confirmed the influence of contractor numbers.
More recent investigations by Santolini et al. (2021), Sekar et al.
(2021), Azmat and Siddiqui (2023), and Ackon et al. (2025) further
validated the role of project size and contractor-related factors in
determining project outcomes. While these studies offer valuable
insights, they often analyse these variables in isolation or through
qualitative assessments. In contrast, the present study integrates
them into a unified quantitative model, providing a more holistic
understanding of their combined effects on project performance.
Moreover, whereas previous research typically assessed project
success as a single outcome, this study examines progress across
distinct project stages—addressing a key gap by offering stage-based
insights into construction performance.

Building on this foundation, the multinomial logistic regression
(MLR) model was selected as the primary analytical approach due
to its interpretability, statistical rigor, and suitability for handling
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multiple outcome categories. To benchmark its performance and
ensure robustness, several alternative ML algorithms—including
Random Forest, Gradient Boosting, and Decision Trees—were
evaluated. The results confirmed that MLR outperformed these
ML alternatives, demonstrating stronger predictive consistency and
interpretability. Subsequently, six MLR models were developed
and compared to evaluate how project duration, project value,
project type, and the number of contractors jointly influence
construction progress. Variables were introduced sequentially,
starting with project value and duration, followed by their
interaction term, and subsequently by project type and contractor
count. This stepwise procedure enabled the identification of both
individual and interactive effects of predictors, aligning with the
methodological recommendations of Proano-Narvaez et al. (2022),
who emphasised the importance of diverse modelling strategies to
enhance predictive accuracy and interpretability. Among the six
specifications, the model incorporating project duration and project
value (Model 3) demonstrated the best overall fit and predictive

performance (Accuracy = 0.89; Kappa = 0.72), confirming the
dominant role of these two variables in explaining construction
progress dynamics.

The model’s performance was rigorously evaluated using odds
ratios and confusion matrix—derived metrics to assess its accuracy
and reliability. The odds ratio analysis revealed a strong positive
association between project duration and progress, particularly at
later stages of completion, where longer durations substantially
increased the likelihood of achieving full completion. In contrast,
project value showed a modest positive impact in early stages but
became less influential as projects advanced, reflecting the growing
complexity, coordination, and resource intensity of larger projects.
These results suggest that while project value facilitates early-stage
advancement, duration remains the dominant predictor driving
projects toward completion.

The classification-based evaluation further confirmed the
model’s robustness across progress levels. High sensitivity and
PPV were observed at advanced stages, while consistently high
NPV indicated reliable identification of incomplete projects. The
model performed exceptionally well in later stages, reinforcing its
utility for monitoring project progression as more data accumulates
over time. Collectively, these findings demonstrate that the model
effectively distinguishes between incomplete and near-complete
projects, aligning with observed decision boundaries where smaller
projects tend to advance more rapidly and larger ones stabilise at
mid-to-late stages.

Cross-validation reinforced these findings, yielding high
overall accuracy and Kappa values. The five-fold cross-validation
0.988;
0.870) with no indication of overfitting, confirming

demonstrated excellent internal stability (Accuracy
Kappa
robustness under varied data partitions. External validation on

post-2019 data showed only a modest decline in performance
(Accuracy = 0.768; Kappa = 0.673), indicating strong temporal
generalisability and resilience to distributional shifts. Class-
level assessment revealed near-perfect sensitivity and specificity
at late stages of completion, while moderate accuracy at early
stages reflected expected class imbalance and variability in
progress patterns. Real-world evidence supports these results:
smaller projects progress faster due to reduced complexity
(Assaad et al.,, 2020; Jaber et al., 2020), whereas larger projects
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valued at approximately $15M face early-stage challenges but
advance steadily at intermediate stages, further reinforcing duration
as a critical predictor. Consistently, ROC analysis reported AUC
values above 0.95 across early and late stages, confirming excellent
separability and coherence across progress categories. Overall, these
results demonstrate that Model three performs reliably, generalises
effectively across time horizons, and maintains strong discriminative
capability in predicting construction progress at different stages.

When compared with recent ML developments, the proposed
MLR model shows competitive performance while maintaining
interpretability. Previous ML studies, such as those by Guo et al.
(2019); Jaber et al. (2020) achieved R? values between 0.66 and 0.80,
while Egwim et al. (2021) reported 76% accuracy using ensemble
methods. Although advanced frameworks such as LightGBM,
CatBoost, and GAN architecture have reached accuracies above
90% (Alsulamy, 2025),these models often operate as opaque
“black boxes” with high computational demands. In contrast,
the MLR model bridges the gap between traditional and AI-
based approaches by combining statistical transparency with strong
predictive power. It achieved superior accuracy and agreement
compared with ML methods such as Random Forest, Gradient
Boosting, and Decision Trees. Unlike complex ML models that
capture non-linearities but lack explainability (Akinosho et al., 2020;
Regona et al., 2022a; Regona et al., 2022b), MLR offers theoretical
grounding and practical applicability, enabling confident, insight-
driven decision-making across academic and industry contexts.

The model’s ability to predict progress at specific milestones
positions it as a strong foundation for data-driven construction
management and an early step toward adaptive systems—such
as digital twins—that enable dynamic monitoring and informed
decision-making. Compared with traditional methods such as
S-curve modelling (Chao and Chen, 2015) and BIM-based
approaches (Cao et al, 2015), which primarily assesses overall
project completion, the proposed model forecasts progress at
distinct stages, offering greater adaptability to evolving project
conditions. With an overall accuracy of 89%, it outperforms Earned
Value-based approaches (Ballesteros-Pérez et al., 2020a; Colin
and Vanhoucke, 2015; Nizam and Elshannaway, 2019; Proafo-
Narvéez et al, 2022) and demonstrates higher reliability than
advanced EVM extensions such as EVM-SNB (80% accuracy)
and EVM-FPB (83% efficiency) reported by Colin and Vanhoucke
(2015). These findings underscore the practical value of stage-
specific forecasting in enhancing real-time control and supporting
adaptive management strategies within complex construction
environments.

In summary, this study demonstrates that interpretable
statistical models can deliver high predictive accuracy while
maintaining transparency and practical relevance. The multinomial
(MLR)
at distinct milestones, bridging the

logistic  regression framework effectively forecasts
construction progress
gap between traditional and Al-based approaches. Its strong
performance highlights the potential of explainable analytics to
enhance early warning, adaptive control, and data-driven decision-
making in construction management. By combining statistical rigor
with interpretability, the model provides a scalable foundation
for integrating predictive insights into emerging digital systems
such as digital twins, supporting more intelligent and resilient

project delivery.
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6 Limitations

While the proposed model offers strong predictive accuracy,
it has limitations. It performs best for projects without major
unforeseen challenges, as its assumptions align better with consistent
data patterns. A key limitation is its reliance on historical data,
which may not capture unprecedented events such as policy
shifts or technological advances. Although expert-reviewed and
preprocessed, the model also relies on the accurate reporting of
variables such as project value and contractor involvement—any
inconsistencies can impact its reliability. Additionally, it does not
fully account for non-linear relationships or complex external
factors, such as workforce issues or supply chain disruptions, which
limits its accuracy in highly uncertain scenarios. Finally, because
the training data is specific to New Zealand, the generalisability
of the findings to international contexts remains limited without
appropriate recalibration. In this regard, challenges remain in
extending the framework to international datasets where regulatory,
cultural, and economic factors differ significantly.

Despite these constraints, the model represents a significant
advancement in forecasting construction progress. Incorporating
project value, duration, and contractor variables into a multinomial
logistic regression framework, it offers an interpretable, accurate,
and stage-based tool for project monitoring. This approach supports
early risk identification, better resource allocation, and improved
decision-making. It also contributes to sustainable construction by
reducing delays and rework. Future research could address current
gaps by (i) validating the framework across international datasets,
(ii) incorporating additional variables that capture macroeconomic
and environmental uncertainty, and (iii) comparing the multinomial
logistic regression approach with more advanced machine learning
and hybrid AT methods. Such developments would further enhance
adaptability, scalability, and robustness, ensuring the model remains
relevant for both local and global applications. Ultimately, this
framework aligns with Industry 5.0 principles through its human-
centric, data-driven methodology, where AI enhances rather than
replaces strategic oversight.

7 Contributions and implications

This study introduces a robust statistical model that enables
probabilistic predictions of project progress by integrating key
variables—time and project value—into a unified framework. Unlike
prior studies that examine these factors independently, this model
provides a comprehensive and quantifiable perspective on the
dynamics influencing construction performance. Its stage-based
structure allows for progress estimation at critical milestones (e.g.,
5%, 15%, 30%), addressing a key gap in existing research that
predominantly focuses on overall project completion as a single
outcome. Developed using multinomial logistic regression, the
model ensures transparency and interpretability, offering a practical
alternative to complex “black-box” machine-learning techniques
and traditional methods such as S-curve analysis, Earned Value
Management (EVM), and Risk Management (RM).

Beyond methodological advancement, the model offers tangible
practical value. It can be integrated into digital dashboards to
generate real-time progress probabilities and performance alerts,
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enabling project managers to anticipate delays, optimise resource
use, and improve planning accuracy. For client-side managers, it
provides a transparent tool to evaluate contractor performance
against milestones, while at the portfolio level, aggregated outputs
can help policymakers and regulators monitor sector-wide progress,
assess workload pressures, and inform decisions on resource
allocation, cost escalation, and workforce planning. This framework
promotes collaboration, sustainability, and resilience within the
construction sector, offering both a novel analytical tool and a
strategic foundation for advancing predictive, transparent, and
adaptive project management practices.

8 Conclusion

This paper presents a predictive model for the construction
industry, grounded in statistical theory and validated with real-
world data. By analysing cost, time, contractor involvement, and
project type, the model identifies project duration and value as
the most influential predictors of progress. While the inclusion
of contractor and project-type variables produced reasonable
model performance, these additions did not substantially enhance
predictive accuracy. The combination of project duration and
value alone achieved the strongest results, highlighting their
dominant role in explaining construction progress dynamics.
The models stage-based forecasting approach—rather than a
single completion estimate—supports informed decision-making,
resource optimisation, and proactive project control. Its clear
equations and visual output improve interpretability and facilitate
practical implementation.

Using data from New Zealand’s construction sector, the
model demonstrated strong reliability and robustness, advancing
understanding of how project characteristics influence progress and
enabling early identification of at-risk projects to prevent delays
and cost overruns. Beyond individual projects, the framework
can be scaled for portfolio-level analysis, allowing organisations
and policymakers to monitor multiple projects, assess workload
distribution, and identify systemic risks. Its adaptable structure
also allows for application across various sectors, including
manufacturing, transportation, and energy. Future research could
integrate this framework with digital dashboards or Al-driven
systems to enhance real-time monitoring and forecasting. Broader
adoption of this model can improve project and portfolio outcomes,
strengthen data-driven management practices, and contribute to
more efficient and resilient delivery systems.
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